Epidemiological research of canine cancers could inform comparative studies of environmental determinants for a number of human cancers. However, such an approach is currently limited because canine cancer data sources are still few in number and often incomplete. Incompleteness is typically due to under-ascertainment of canine cancers. A main reason for this is because dog owners commonly do not seek veterinary care for this diagnosis. Deeper knowledge on under-ascertainment is critical for modelling canine cancer incidence, as an indication of zero incidence might originate from the sole absence of diagnostic examinations within a given sample unit. In the present case study, we investigated effects of such structural zeros on models of canine cancer incidence. In doing so, we contrasted two scenarios for modelling incidence data retrieved from the Swiss Canine Cancer Registry. The first scenario was based on the complete enumeration of incidence data for all Swiss municipal units. The second scenario was based on a filtered sample that systematically discarded structural zeros in those municipal units where no diagnostic examination had been performed. By means of cross-validation, we assessed and contrasted statistical performance and predictive power of the two modelling scenarios. This analytical step allowed us to demonstrate that structural zeros impact on the generalisability of the model of canine cancer incidence, thus challenging future comparative studies of canine and human cancers. The results of this case study show that increased awareness about the effects of structural zeros is critical to epidemiological research.
Introduction
Epidemiological research can provide insights into demographic and environmental determinants of canine cancers, a group of degenerative diseases listed among the leading causes of death in dogs (Vail and MacEwen, 2000; Pinho et al., 2012) . For instance, studies have indicated that breed, sex, and age are important demographic determinants of several canine cancers (Bronson, 1982; Eichelberg and Seine, 1996; Lund et al., 1999; Michell, 1999; Proschowsky et al., 2003) . Studies have also shown that a number of canine cancers can be linked to specific environmental determinants, such as exposure to tobacco smoke (Reif et al., 1998) , combustion products (Bukowski et al., 1998) , herbicides (Hayes et al., 1981) , insecticides (Glickman et al., 1989) , asbestos (Glickman et al., 1983) , as well as paints and solvents (Gavazza et al., 2001) . As such exposures mostly occur within a living environment shared with the owner, epidemiological research of canine cancers might also inform comparative studies of environmental determinants for human cancers, for instance, in the bladder (Hayes et al., 1981; Glickman et al., 1989) , respiratory tract (Bukowski et al., 1998; Reif et al., 1998) and mammary gland (Owen, 1979; Vascellari et al., 2016) . Despite the recognised advantages of such comparative studies (Schmidt, 2009; Scotch et al., 2009; Reif, 2011) , this approach is currently limited because canine cancer data sources are still few in number and often incomplete (Brønden et al., 2007; Nødtvedt et al., 2012) . The incompleteness of existing data sources is often a result of under-reporting and under-ascertainment of canine cancers (Brønden et al., 2007; Nødtvedt et al., 2012) . Under-reporting occurs when the result of a performed diagnostic examination is not reported in any data source (Gibbons et al., 2014) , while under-ascertainment occurs when the diagnostic examination has not been performed at all, because the dog's owner did not seek veterinary care for a diagnosis (Gibbons et al., 2014) . Underascertainment thus implies that the information about the missing diagnostic examination cannot be retrieved from the data source, and this issue cannot be addressed through the imputation meth- ods employed for assessing under-reporting (Gibbons et al., 2014; Dvorzak and Wagner, 2016) . As a consequence, under-ascertainment is often estimated as a random effect within statistical frameworks for modelling incidence data (Gibbons et al., 2014; Dvorzak and Wagner, 2016) . When modelling canine cancer incidence, under-ascertainment might become critical, because an indication of zero incidences can originate from the sole absence of diagnostic examinations within a given sample unit (Hu et al., 2011; He et al., 2014) . Such zeros are the manifestation of a structural phenomenon in the data source and should therefore be discarded from any effort at modelling the incidence data (Hu et al., 2011; He et al., 2014) . Still, this sort of structural zeros are difficult to discard because they are often mistaken for sampling zeros, which result from diagnostic examinations performed within a sample unit (Mohri and Roark, 2005; Legendre and Legendre, 2012) . Due to the persistent uncertainty surrounding the nature of zero incidences, little is known about the effects of structural zeros on models of canine cancer incidence. To fill this important knowledge gap, in the present case study investigated the effects of structural zeros on models of canine cancer incidence retrieved across Swiss municipalities in 2008, thus addressing the potential under-ascertainment affecting the Swiss Canine Cancer Registry (Grüntzig et al., 2015 (Grüntzig et al., , 2016 . In doing so, we contrast two modelling scenarios. The first scenario was based on the complete enumeration of incidence data for all municipal units. The second scenario was based on a filtered sample that systematically discarded structural zeros: the municipal units where no diagnostic examination has been performed. This filtering step was made possible by the exceptionally rich attribution of the Swiss Canine Cancer Registry, which contains information on the number of diagnostic examinations performed within each municipal unit in a specific year (Grüntzig et al., 2015 (Grüntzig et al., , 2016 . By contrasting the statistical performance and predictive power of these two modelling scenarios in a cross-validation framework (Snee, 1977; Picard and Cook, 1984) , we provided new insights into the effects of structural zeros in models of canine cancer incidence, and highlight challenges for future comparative studies of canine and human cancers (Kukull and Ganguli, 2012; St. Sauver et al., 2012) .
Materials and Methods

Canine cancer diagnostic examinations and demographic risk factors
The Swiss Canine Cancer Registry is a unique data source for epidemiological research of canine cancers, as it comprises more than 120,000 diagnostic examinations performed in Switzerland between 1955 and 2008 through necropsy, biopsy, and cytology tests (Grüntzig et al., 2015 (Grüntzig et al., , 2016 . This data source has been retrospectively assembled by the Collegium Helveticum Zurich for future comparative studies of canine and human cancers, and it is currently in the process of being updated to include diagnostic examinations for the most recent years (Grüntzig et al., 2015 (Grüntzig et al., , 2016 . As previous research suggests that the accuracy and completeness of the Swiss Canine Cancer Registry sensibly decrease in earlier years (Grüntzig et al., 2015) , we only retrieved the 7057 diagnostic examinations performed in 2008. These examinations allowed for the ascertainment of 3509 canine cancer cases. For the purpose of the present case study, we enumerated the number of diagnostic examinations and observed canine cancer cases at the municipal level. In addition, to account for determinants involving the demographic characteristics of the at-risk canine population, we accessed demographic information on the 496,689 dogs living in Switzerland in 2008. This information was retrieved from the Swiss canine population database, compiled by Animal Identity Service AG following the legal obligation of dog microchipping and registration established in Switzerland in 2006 (Pospischil et al., 2013; ANIS, 2016) . For previous years, demographic information can be retrieved only for a limited number of municipalities, generally located in urban areas, or as estimates at the country level (Pospischil et al., 2013) . We derived the size of the at-risk population, and the average age and sex ratio of dogs within municipalities because these variables are important demographic determinants for the biological predisposition to several canine cancers (Bronson, 1982; Eichelberg and Seine, 1996; Lund et al., 1999; Michell, 1999; Proschowsky et al., 2003) .
Urban character, socioeconomic status and distance to veterinary care
We assessed the urban character and socio-economic status of Swiss municipalities, as existing studies suggest that these are the key variables for characterising potential under-ascertainment of canine cancers . We estimated the urban character as human population densities at the municipal level, using the extent of residential land within municipalities as the areal denominator. For this purpose, we used the Swiss Federal Statistical Office census data for 2008 (SFSO, 2016) and information on the areal extent of residential land derived from the building and dwelling survey conducted by the Swiss Federal Statistical Office in 2014 (SFSO, 2016) . The socio-economic status is approximated based on average national income tax information collected by the Swiss Federal Tax Administration in 2008 (SFTA, 2016) . We also derived the travel distance to veterinary care within municipalities from a hectometric raster representing distance along roads (Delamater et al., 2012) . In doing so, we assumed that increasing travel distance to veterinary services would be an important determinant for potential under-ascertainment . The raster was computed using the addresses of the 938 veterinary services registered in the official Swiss Yellow Pages online database in 2013 (Swisscom Ltd., 2016) , and the Swiss road network in 2008 was derived from the VECTOR25 data model of the Swiss Federal Office of Topography (SFOT, 2016) . Distances to the closest veterinary service were averaged for each municipal unit to provide a measure of average travel distance to veterinary care within a given municipality (Bliss et al., 2012) . We used more recent information on the addresses of veterinary services and on the areal extent of residential land because data for 2008 is currently not available. Given the information provided by governmental agencies (FOPH, 2016; SFSO, 2016) , this was seen as a reasonable compromise for the purpose of this case study.
Filtering out the structural zeros
Sampling is the process of selecting a representative number of individuals to draw inferences about the entire population (Thompson, 2012) . In epidemiological research, this process is employed to perform a selection of sampling units, defined as individuals or groups of individuals, allowing an investigation of linkages to disease determinants, for instance, in cohort or case-control studies (Pearce, 2012; Woodward, 2013) . Importantly, these stud- ies are meant to inform about the disease in the at-risk population from which the sampling units have been drawn (Pearce 2012; Woodward, 2013) . Various methods can be employed to define sampling units, using random and non-random designs (Cattin, 1980; Banerjee and Chaudhury, 2010) . While random sampling is designed to produce generalisable results, non-random sampling is critical because the representativeness for the entire at-risk population is not possible, and therefore the results of the epidemiological study might not be generalisable (Cattin, 1980; Banerjee and Chaudhury, 2010) . Although the sampling of enumerated data is exceptional in epidemiological research (Nejjari et al., 1993; Lawson, 2006) , in this case study, we carried out a non-random selection of the Swiss municipal units where cancer diagnostic examinations have been performed in the year of interest. This filtering step, which discarded all structural zeros, was felt to be justified by the need to draw a representative sample to evaluate the effects of under-ascertainment in models of canine cancer incidence (Cattin, 1980; Banerjee and Chaudhury, 2010) . Therefore, in parallel, we also fitted the model for the complete enumeration across all Swiss municipal units, which include structural zeros. We compared the statistical distributions (Oja, 1983) as well as statistical performance and predictive power (Snee, 1977; Picard and Cook, 1984) of the two modelling scenarios to evaluate changes associated with our filtering step, and thus identify direct effects of structural zeros on the model of canine cancer incidence.
Modelling canine cancer incidence
We fitted canine cancer incidence in a Poisson regression framework. However, the incidence data might deviate from a standard Poisson distribution, which occurs when the variance is not equal to the mean of the incidence data (Cameron and Trivedi, 1990; Berk and MacDonald, 2008) . We did not test alternative regression frameworks, such as negative binomial (Hardin et al., 2007; Berk and MacDonald, 2008) , zero-inflated and hurdle (Hu et al., 2011; He et al., 2014) models, because the coefficients accommodating different statistical distributions impede a direct comparison between the two modelling scenarios (Preisser et al., 2012; Arab, 2015) . In addition, the relatively simple structure of the Poisson regression framework allows a more straightforward assessment of potential changes in the coefficient estimates for each independent variable (Arab, 2015) . We fitted the observed canine cancer incidence (y) through the following independent variables (x): canine population size, canine average age, canine female ratio, average income tax, human population density, and distance to veterinary care. The predicted canine cancer incidence (ŷ) was log-transformed according to Equation 1, presented below. In Equation 1, θ' denotes α concatenated to β: two parameters of the model that are estimated by maximum likelihood (Frome, 1983; Frome and Checkoway, 1985) .
Eq. 1
To contrast the two modelling scenarios, we investigated significance levels (a=.05) and changes in the coefficient estimates, as well as the proportion of variance reduction η 2 for each independent variable (Pearson, 1911; Fisher, 1928) . In doing so, we focused on potential changes occurring between canine population size, canine average age and canine female ratio, and average income tax, human population density and distance to veterinary care. These two sets of independent variables inform about two distinct ele-ments: demographic risk factors and potential under-ascertainment. We then computed the McFadden pseudo-R-Squared as a measure of statistical performance of the two modelling scenarios Windmeijer, 1996, 1997) and mapped the Pearson residuals to identify municipal units of poor model predictions as well as potential spatial non-stationarity in the statistical associations Fotheringham et al., 1996) . We perused Pearson residuals because these can highlight an important lack of model fit, i.e. when the absolute values exceed 2.0, and especially 3.0 Windmeijer, 1996, 1997) .
Cross-validating the two modelling scenarios
Given that the incidence data fit in the two modelling scenarios present different statistical distributions (Frome, 1983; Frome and Checkoway, 1985) , we employed a cross-validation method based on 1000 model iterations for contrasting statistical performance and predictive power of the models (Snee, 1977; Picard and Cook, 1984) . Cross-validation allows assessing how well the model of canine cancer incidence will generalise to a different dataset (Snee, 1977; Picard and Cook, 1984) . This is a critical issue for potential comparative studies of canine and human cancers (Kukull and Ganguli, 2012; St. Sauver et al., 2012) . For each model iteration, we randomly fitted 80% of the municipal units (i.e. the training set) to predict the remaining 20% (i.e. the validation set) (Snee, 1977; Picard and Cook, 1984) . We then assessed central tendency and spread of the coefficient estimates across iterations by means of boxplots (Williamson et al., 1989; Gohil, 2015) to evaluate the stability of statistical relationships across iterations, and thus statistical performance (Snee, 1977; Picard and Cook, 1984) . We also computed measures of predictive power by averaging the mean absolute error (MAE) and the root mean square error (RMSE) across iterations (Willmott, 1981; Hyndman and Koehler, 2006) . The MAE is an absolute measure of the error, defined as the difference between the predicted (ŷ) and observed (y) canine cancer incidence, as presented in Equation 2 (Willmott, 1981) .
Eq. 2
In addition, to better understand the skewness of the error distribution, we assessed the 50 th , 90 th and 95 th percentiles of the MAE. These measures were also averaged for the two modelling scenarios (Willmott, 1981) . We then computed the RMSE, which is defined as the square root of the squared error, as presented in Equation 3 (Willmott, 1981) .
Eq. 3
In computing the average RMSE, we discarded the model iterations resulting in outliers through a standard single-step outlierdetection procedure (Hawkins, 1980; Maimon and Rokach, 2010) , because this measure is known to be sensitive to large errors (Chai and Draxler, 2014) . We finally assessed associations between RMSE and the independent variables used to fit the training set across model iterations to assess whether the latter drive the variation in the error measures for the two modelling scenarios (Hirsch, 1991) . This exploratory step was performed through Spearman's ρ correlation tests (Spearman, 1904) , where significant associations (a=.05) were further investigated by means of scatterplots (Gohil, 2015) . 
Results
Exploring the two modelling scenarios Figure 1 presents the spatial distribution of the canine cancer incidence retrieved from the Swiss Canine Cancer Registry in 2008, fitted in the two modelling scenarios described earlier. Figure 1A shows the incidence data for the modelling scenario based on the complete enumeration (i.e. including all Swiss municipalities), where 1298 municipal units out of 2351 indicate zero incidences. Figure 1B shows the filtered incidence data, where 939 municipal units were identified as having structural zeros and were thus labelled as no data. As a consequence of the filtering step, only 359 municipal units out of 1412 exhibited zero incidences. These numbers demonstrate that structural zeros are widespread in the incidence data retrieved from the Swiss Canine Cancer Registry in 2008, and that the statistical distributions, estimated through measures of central tendency and spread, could be substantially different between the two modelling scenarios (Oja, 1983) . Indeed, the mean and median of the incidence data were 1.5 and 0.0 for the complete enumeration, and to 2.5 and 1.0 for the filtered sample. The coefficient of variation of the incidence data was 334% for the complete enumeration, and 250% for the filtered sample. These measures show that, for the two modelling scenarios, the incidence data deviated from a standard Poisson distribution (Cameron and Trivedi, 1990; Berk and MacDonald, 2008) , and this deviation was greater in the complete enumeration because of the higher coefficient of variation. In addition, Figure  1B suggests that zeros were not randomly distributed across the study area. Regions of municipal units with sampling zeros (i.e. zero incidences) and structural zeros (i.e. no data) could be identified in the Alps and the Jura Mountains. Based on prior research , these rural regions were expected to show higher degrees of under-ascertainment as this is associated with a lower urban character and greater travel distances to veterinary care. When fitting the incidence data, all coefficient estimates presented in Table 1 were statistically significant (a=.05) and remained very similar across the two modelling scenarios. Table 1 shows that canine average age produced negative coefficient estimates. This statistical association contradicts existing findings, indicating a higher prevalence of cancer in older dogs, thus suggesting that under-ascertainment might be critical for this age class (Bronson, 1982; Eichelberg and Seine, 1996; Lund et al., 1999; Michell, 1999; Proschowsky et al., 2003) . Conversely, canine population size and canine female ratio both produced positive coefficient estimates. Such statistical associations imply a higher incidence of cancer in larger at-risk canine populations and a higher prevalence of cancer in female dogs (Bronson, 1982; Eichelberg and Seine, 1996; Lund et al., 1999; Michell, 1999; Proschowsky et al., 2003) . Average income tax and human population density both produced positive coefficient estimates, thus confirming that the ascertainment of cancer might improve in municipalities with higher socioeconomic status and urban lifestyle . Finally, distance to veterinary care produced negative coefficient estimates, indicating that under-ascertainment of cancers can be linked to greater travel distance to veterinary care . Table 1 also indicates that, altogether, the independent variables accounting for potential under-ascertainment (i.e. average income tax, human population density and distance to veterinary care) have a lower proportion of variance reduction for the filtered sample (η 2 =0.36) compared to the complete enumeration (η 2 =0.46). Such an increase could be linked to higher degrees of under-ascertainment in the latter modelling scenario. When assessing the statistical performance for the two modelling scenarios, the McFadden pseudo-R-squared measures indicated a slight increase in statistical performance for the model based on the filtered sample (R 2 =0.32), compared to the complete enumeration (R 2 =0.31) Windmeijer, 1996, 1997) . As previously mentioned, such improvement might be linked to the change of the statistical distribution of the incidence data used to fit the two modelling scenarios (Cameron and Trivedi, 1990; Berk and MacDonald, 2008) . Figure 2 presents the spatial distribution of Pearson residuals for the two modelling scenarios to explore model fit across the study area Windmeijer, 1996, 1997) . Figure 2A shows that for the complete enumeration most municipal units located in the Alps and the Jura Mountains were characterised by acceptable model over-estimations, with residuals between −1.9 and −0.1. This result can be linked to the large part of zero incidences (i.e. both structural and sampling zeros) in these rural regions, which are captured by the model of canine cancer incidence. Figure 2B illustrates an increased predictive power for the filtered sample. This is because most municipal units with residuals above 2.0 and below −2.0 in the complete enumeration showed residuals between −1.9 and 1.9 in the filtered sample. The two modelling scenarios also exhibited several regions with residuals above 3.0, which are typically located within urban agglomerations, for instance, in Zurich, Basel or Berne. In these urban regions, residuals could reach 22.8 for the complete enumeration and 17.7 for the filtered sample. On the one hand, these results suggest local spatial autocorrelation of model residuals and thus potential spatial non-stationarity of statistical associations Fotheringham et al. 1996) . On the other hand, the differences between the two modelling scenarios indicate that the filtered sample results in a better model fit for most municipal units Windmeijer, 1996, 1997) . However, such improvements might not be detected when computing averaged measures of predictive power, such as MAE and RMSE, because the model based on the complete enumeration presented a larger number of municipal units with residuals between −1.9 and 1.9 (Willmott, 1981; Hyndman and Koehler, 2006) .
Comparing the two modelling scenarios through crossvalidation
We further compared statistical performance and predictive power for the two modelling scenarios through model cross-validation, which was based on a training-/validation-set ratio of 1881/470 municipal units for the complete enumeration, and 1130/282 municipal units for the filtered sample. The boxplots in Figure 3 depict the spread of the coefficient estimates over the 1000 model iterations for the two modelling scenarios. The median is shown as a thick black line, the interquartile range is indicated as a grey box and the minimum and maximum estimates are delimited by the whiskers (Williamson et al., 1989; Gohil, 2015) . In Figure 3 , the median values for the two modelling scenarios looked very similar to the coefficient estimates presented in Table 1 , thus suggesting overall stability across iterations (Snee, 1977; Picard and Cook, 1984) . Still, when comparing the distribution of the coefficient estimates across the two modelling scenarios, canine population size, average income tax, human population density and distance to veterinary care showed a decreased spread for the filtered sample. This indicates an increased stability of coefficient estimates across iterations for the independent variables accounting for the size of the at-risk population and for potential underascertainment, thus suggesting improved statistical performance for the filtered sample (Snee, 1977; Picard and Cook, 1984) . Independent variables such as canine average age and canine female ratio showed similar spreads for the two modelling scenarios, possibly because the large portion of zeros in the complete enumeration stabilised these coefficients towards zero. Despite the similar spread, canine female ratio showed a change of sign in some of the model iterations for the complete enumeration. Such a statistical association contradicts prior research (Bronson, 1982; Eichelberg and Seine, 1996; Lund et al., 1999; Michell, 1999; Proschowsky et al., 2003) and further confirms that the complete enumeration could produce biased coefficient estimates that might, in turn, result in less accurate predictions of canine cancer incidence (Snee, 1977; Picard and Cook, 1984) . Table 2 shows that the average MAE for the complete enumeration was four times larger than for the filtered sample, thus indicating a substantial improvement of predictive power for the latter modelling scenario (Willmott, 1981; Hyndman and Koehler, 2006) . The averaged percentiles of the MAE showed that the average error distribution was heavily skewed in the complete enumeration as, on average, only 5% of the errors (i.e. above the 95 th percentile) were accountable for a higher MAE. For the filtered sample, the error distribution appeared less skewed because of a general decrease of the error magnitudes (Willmott, 1981) . This skewed error distribution also affected the calculation of the average RMSE for the complete enumeration (Chai and Draxler, 2014) . The outlier detection procedure revealed six iterations with RMSE between 3700 and 159,300 for the complete enumeration, and three iterations with RMSE between 5700 and 9000 for the filtered sample. These RMSE outliers were at least 10 times higher than the average RMSE for the two modelling scenarios and were thus removed (Hawkins, 1980; Maimon and Rokach, 2010) . After discarding these outliers, the average RMSEs became more meaningful for comparing the two modelling scenarios and still confirm a higher predictive power for the filtered sample (Willmott, 1981; Hyndman and Koehler, 2006) . [Geospatial Health 2017; 12:539] [page 125] We finally computed Spearman's ρ correlations across the model iterations between the RMSE and the independent variables used to fit the training sets to better understand the role of different variables as drivers of variation in the RMSE measures (Hirsch, 1991) . The only significant correlation with the RMSE was found for the average canine population size, with a ρ of −0.72 (P=.00) for the complete enumeration and a ρ of −0.76 (P=.00) for the filtered sample. Such strong negative correlation between average canine population size used in the training set and the RMSE for the two modelling scenarios is a known association between the size of the sampled population and predictive power, as presented in Figure 4 (Cattin, 1980; Banerjee and Chaudhury, 2010) . In the scatterplots, the trend of the correlation is highlighted by the grey surface representing the conditional mean smoothed through a linear model fit (Gohil, 2015) . Again, the trend surfaces showed that smaller average canine population sizes in the training sets generally resulted in higher RMSE, and thus in lower predictive power (Cattin, 1980; Banerjee and Chaudhury, 2010) . Still, for both modelling scenarios, the RMSE seemed to be partly independent of the average canine population sizes used in the training set, as there are four distinct RMSE clusters with values around 0.0, 5.0, 50.0 and 150.0. These clusters suggest two major issues that might affect the two modelling scenarios. First, it appeared that there is a need to include additional, unspecified independent variables in the two modelling scenarios (Hirsch, 1991; Allen, 2007 ). This is not surprising considering that the independent variables included in the model of canine cancer incidence only account for demographic risk factor and potential under-ascertainment . Second, these clusters further corroborated the hypothesis of potential spatial non-stationarity in the statistical associations derived from the spatial distributions of model residuals presented in Figure 2 .
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Discussion
By systematically comparing the two modelling scenarios we were able to provide insights into effects of structural zeros on models of canine cancer incidence. The exceptionally rich attribution of the Swiss Canine Cancer Registry allowed us to uncover a large number of structural zeros in the incidence data retrieved within the Swiss municipal units in 2008 (Hu et al., 2011; He et al., 2014) . Structural zeros can affect the statistical distributions of the incidence data, as indicated by the measures of central tendency and spread, which illustrated a deviation from the Poisson distribution (Cameron and Trivedi, 1990; Berk and MacDonald, 2008) . For this reason, we expected that the presence of structural zeros would also impact the statistical performance of the Poisson regression model (Frome, 1983; Frome and Checkoway, 1985) . However, we were not able to detect a substantial change in the McFadden pseudo-R-squared measures Windmeijer, 1996, 1997) , and the same is true for the significance level of the coefficient estimates (Frome, 1983; Frome and Checkoway, 1985) . Furthermore, we were unable to identify any substantial changes in the coefficient estimates, except for a higher proportion of variance reduction η 2 for the independent variables accounting for potential under-ascertainment (Pearson, 1911; Fisher, 1928) . The latter suggests that the model of canine cancer incidence might capture structural zeros as a manifestation of a potential under-ascertainment. This is further supported by the spatial distribution of the observed cancer incidence, as presented in Figure 1 , which shows that most structural zeros occurred across municipal units located in rural regions, where we expected potential under-ascertainment to be more important . The spatial distribution of Pearson residuals presented in Figure 2 illustrates a general decrease of predictive power for a number of municipal units, which indicates critical model overand under-estimation (Willmott, 1981; Hyndman and Koehler, 2006) . However, the municipal units presenting structural zeros result, in most cases, in acceptable model over-estimations (Willmott, 1981; Hyndman and Koehler, 2006) . This is because the predicted canine cancer incidence is also very close to zero. As a consequence, the number of municipal units with an acceptable model over-estimation becomes prominent, and the impact of the critical model over-and under-estimations might thus be difficult to detect (Willmott, 1981; Hyndman and Koehler, 2006) . Through model cross-validation, we were able to detect an increased spread of the coefficient estimates for nearly all independent variables, and for the independent variable canine female ratio, we could even observe changes of sign in the coefficient estimates. These findings indicate that the presence of structural zeros is critical for the statistical performance of the model of canine cancer incidence because statistical relationships become less stable across model iterations (Snee, 1977; Picard and Cook, 1984) . We also observed an average MAE that is four times larger if structural zeros are involved, a decrease in predictive power related to less than 5% of the errors (Willmott, 1981) . These findings, together with similar observations for the average RMSE, suggest that structural zeros severely affect the predictive power of the model of canine cancer incidence (Willmott, 1981; Hyndman and Koehler, 2006 ). Yet, we were unable to detect significant Spearman's ρ correlations between the selected independent variables and the RMSE across model iterations that could be linked to the sole presence of structural zeros (Hirsch, 1991) . The results of the model cross-validation allowed us to discover important effects of structural zeros on the model of canine cancer incidence and how they are critical for the generalisation to a different dataset (Snee, 1977; Picard and Cook, 1984) . This is a crucial issue because it challenges future comparative studies of canine and human cancers based on the incidence data retrieved from the Swiss Canine Cancer Registry (Snee, 1977; Picard and Cook, 1984) .
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Conclusions
This case study shows that epidemiological studies could greatly benefit from increased awareness about the presence of structural zeros in the incidence data retrieved from canine cancer registries. New insights into effects of structural zeros on models of canine cancer incidence have been provided. Structural zeros occur when zero incidences originate from the sole absence of performed diagnostic examinations within a given sample unit. These structural phenomena are particularly critical as they are often mistaken for sampling zeros that, in turn, result from diagnostic examinations performed within a given sample unit. The exceptionally rich attribution of the Swiss Canine Cancer Registry enabled us to identify a large number of structural zeros in the incidence data retrieved across Swiss municipalities in 2008. We investigated effects of structural zeros on models of canine cancer incidence based on independent variables accounting for demographic risk factors and for potential under-ascertainment . The results of our modelling effort show that it is rather difficult to identify effects of structural zeros through simple goodness-of-fit and significance tests Windmeijer, 1996, 1997) . In this regard, the cross-validation framework represented an effective approach for detecting the impacts related to the presence of structural zeros. We identified increased instability in the statistical associations (Snee, 1977; Picard and Cook, 1984) as well as increased error measures, (Willmott, 1981; Hyndman and Koehler, 2006) . These results indicate an overall decrease of statistical performance and predictive power, and they suggest that the presence of structural zeros challenges the generalisability of the model of canine cancer incidence to a different dataset (Snee, 1977; Picard and Cook, 1984) . A better understanding of these effects is thus critical for modelling canine cancer incidence, as well as for future comparative studies of canine and human cancers based on incidence data retrieved from the Swiss Canine Cancer Registry (Kukull and Ganguli, 2012) . We thus contend that these results should be considered as a first step to develop further investigations into the effects of structural zeros in epidemiological research.
The results of this case study also raise new questions that will drive our future epidemiological studies of canine cancer incidence in Switzerland. First, there is a clear need for model specification, which involves the inclusion of additional independent variables in the model of canine cancer incidence (Hirsch, 1991) , as well as accounting for deviations from the Poisson distribution (Cameron and Trivedi, 1990; Berk and MacDonald, 2008) . For this reason, in future studies, we will model incidence data for canine cancers that have strong linkages to environmental determinants (Schmidt, 2009; Reif, 2011) , and we will test for possible over-dispersion and zero-inflation in the incidence data (Preisser et al., 2012; Arab, 2015) . Another interesting question is connected with the spatial autocorrelation of model residuals, which suggests spatial non-stationarity of statistical associations Fotheringham et al., 1996) . As this condition implies that fitting the model for the whole study area cannot explain the associations with the selected independent variables Fotheringham et al., 1996) , we will test different strategies for modelling the incidence data assuming local and regional variations in the spatial structure (Assunção, 2003; Chen et al., 2015) . 
